Purpose -Drawing upon research in consumer behavior, the purpose of this paper is to deploy an alternative way to predict behavioral intention with customer technology beliefs and experience in e-brokerage services.
Introduction
As the internet unfolded and the online business started to emerge, many bricks-andmortar service firms move to having an online presence. While the internet offers significant potential as a low-cost retail distribution channel, it is a dangerous territory (Reibstein, 2002) . On the one hand, technology has become prominent within the firm-customer relationship and dramatically changed how services are conceived and delivered (Bitner and Brown, 2006) . On the other hand, the uncertainty stemming from the evolving and technology-driven customerservice interactions leaves firms grappling with how best to leverage their strategies (Porter, 2001) .
Among all service sectors, the brokerage industry has been quite successful in attracting customers to its online presence. While online retail sales represented barely 5 percent of overall retail sales in 2006, online stock trading accounted for nearly 40 percent of all retail investment transactions with over four trillion assets administrated by 34.1 million e-brokerage accounts (Anderson, 2007) . To survive the fierce competition in e-brokerage market, most market players undertake two alternative strategies: established brokers strive to reduce transaction costs and improve service quality by delivering service through the internet, whereas emerging e-brokers compete through deep discounts, such as service fees of less than $5. Although commission fees influence investors' initial choices (Ding et al., 2007) , such fees alone might not retain customers in a long run (Reibstein, 2002) . Instead, existing e-commerce literature suggests that identifying and structuring the "voice of the customer" by understanding customer beliefs can substantially boost service performance such as customer satisfaction and word-of-mouth branding (Chen and Hitt, 2003; Novak et al., 2000) .
While anticipating and responding to customers' evolving beliefs is critical to firms' strategic positioning and performance (Menor and Roth, 2008) , some researchers suggest that there is an industry-wide missing link between what customers may require and what service organizations intend to provide (Johnston and Clark, 2001; Goldstein et al., 2002) . Alternatively, other researchers suggest service firms to integrate customer beliefs and value and organizations' strategic intents in the service design process (Gupta et al., 2004; Bitner and Brown, 2006) . Tactically, organizations should deliberately choose a set of encounters to deliver a unique experience (DeLone and McLean, 2003; Berry et al., 2006) . Strategically, organizations need to consider partnerships with customers and build long-term firm-customer relationships (Goldstein et al., 2002; Auh et al., 2007) .
Extant studies have looked at whether certain service system interface (e.g. customer service, product offerings, and financial statements) positively influence service quality and customer satisfaction (Krishnan et al., 1999) . However, less attention has been paid to customer beliefs and experience associated with e-brokerage services. This lack of attention in the literature is significant because a firm's long-term shareholder value is not only influenced by what it offers, but also by whether such offerings reflect customer beliefs and facilitate a positive customer experience (Novak et al., 2000; Reibstein, 2002) . Specifically, customer experience is an important intangible asset because it fully captures a customer's interactions with certain service system and therefore is difficult to imitate and provides sustainable competitive advantage from a resource-based view perspective (Ding et al., 2010; Roth and Menor, 2003; Newbert, 2007) .
In response to the call for examining customer experience on the basis of experience design, delivery, and performance measurement (Roth and Menor, 2003) , we provide a framework to evaluate firm performance in terms of firm-customer relationship for ebrokerage services. Our framework entails two levels of analysis based on customers' feedback. In the first level, we assess how customers' technology beliefs, as measured by technology readiness (TR) (Parasuraman, 2000) influences their experience of and behavioral intention for e-brokerage services. In the second level, we examine how customer experience with certain service system interfaces affects firm-customer relationship. Together, our integrated analysis enables firms to understand what drives overall firm-customer relationship, how the effects vary across customer segments, and what firms could do to specifically fine-tune these drivers of firm-customer relationship and thus improve their performance.
Our research framework is among the first in service research to theorize that technology beliefs, service system interfaces, and customer experience all affect firm-customer relationship both independently and in tandem. Considering that 1 percent improvement in retention cost improves firm value by 5 percent (Gupta et al., 2004) , our research not only extends traditional service design studies by drawing much needed attention to customer experience, but also offers practitioners a strategic level, i.e. engaging in strategic service planning methods such as service blueprinting to fine-tune the design of service encounters to facilitate positive customer experiences and to "lock-in" customers.
In what follows, we first review existing literature for technology readiness, service system interfaces, and customer experience management. Next, we develop a framework to integrate all the vital pieces of service design and experience management with customer behavioral intention. We test the proposed framework and relevant hypotheses with survey responses collected from online investors. We then analyze and discuss the managerial and research implications of the model and experimental results. In addition, we offer suggestions for future research.
Theoretical background
Compared with traditional service systems in which customers wait to be served, customer-firm relationships in e-service undermine substantial transformation. Because of technology's expanding role in service delivery, customers nowadays have evolved from an integral part of service processes (Langeard et al., 1981) to partial employees (Mills et al., 1983) and service co-producers (Etgar, 2008) . Although the shift from passive audience to active cocreators leads to favorable assessments and positive behavioral intentions in general (Prahalad and Ramaswamy, 2000; Auh et al., 2007) , individuals with different psychographic profiles might react to technology-based services differently (Massey et al., 2007; Parasuraman, 2000) . Studying psychographic typologies provide insights into individual value and motivations, which offer a more complete profile of a potential market (Parasuraman, 2000; Tsikriktsis, 2004) . Our study also sheds lights on the debate over human issues in service design by moving away from the long-fought battle for universally positive or negative performance impact of technology and usability evaluation toward a finer-grained quest for when some firms can derive more satisfied customers from experience design and target marketing (Chase and Dasu, 2001; Cook et al., 2002) .
Technology readiness
Drawing on recent research in customer behavior concerning consumer beliefs about technology, we use TR, a multidimensional construct to measure psychographics and beliefs in technology-based service (Massey et al., 2007; Parasuraman, 2000) . According to Parasuraman and Colby (2001) , TR refers to people's propensity to embrace and use technologies and consists of four major components measuring various technology beliefs. The first two components of optimism and innovativeness are contributors that increase an individual's TR. The other two components of discomfort and insecurity are inhibitors that suppress an individual's TR. In general, optimism is a positive view of technology and a belief that offers people increased control, flexibility, and efficiency in their lives. Innovativeness is a tendency to be a technology pioneer and thought leader, which measures the extent to which an individual believes that he or she is at the forefront of trying out new technology-based products/services. Next, discomfort refers to a perceived lack of control over technology and a feeling of being overwhelmed by it, which presents the extent to which people have a general paranoia towards technology-based products and services. Finally, insecurity is a distrust of technology and skepticism about its ability to work properly (Parasuraman and Colby, 2001 ).
Based on the various combinations of both positive and negative beliefs regarding technology, customers can be segmented into five groups of explorers, pioneers, skeptics, paranoids, and laggards, which play distinct roles in moving a new technology-based product to maturity (Parasuraman and Colby, 2001) . Recent research showed that the TR typology can be further extended to access final usage, usability needs and evaluations (Taylor et al., 2002; Tsikriktsis, 2004; Massey et al., 2007) . Specifically, TR typology provides a framework for technology adoption (Taylor et al., 2002) and usability evaluation (Massey et al., 2007) ; it also explains the difference in current usage and future intention to use technology-based service (Tsikriktsis, 2004) . However, it is unclear how the typology influences the evaluation of service system interfaces and the customer-firm relationship. Specifically, should we expect that motivated and fearless customers (e.g. explorers) enjoy technology-based service system and therefore hold a positive experience towards the system interfaces and tend to use more, while unmotivated and inhibited customers (e.g. laggards) dislike the service system interfaces and tend to use less? Studying the relationship between TR typology and service system performance can help service organizations alike to customize service package and interfaces for targeted customer segments.
Service System Interfaces
Service system interfaces such as information-and system-related characteristics (Bailey and Pearson, 1983; Doll et al., 1995; Wixom and Todd, 2005) , service quality attributes (Anderson and Sullivan, 1993; Parasuraman et al., 2005) , and product offerings (Krishnan et al., 1999; Pullman and Gross, 2004) have been extensively studied in prior research. Collectively, the set of interfaces can be categorized as functional, mechanic, and humanic clues embedded in customers' experiences with the service delivery system (Berry et al., 2006) . Functional clues indicate technical quality and the reliability and functionality of the offerings; mechanical clues provide a physical representation of the intangible service; humanic clues refer to the service provider's behavior or appearance, such as tone of voice, level of enthusiasm, body language, neatness, and appropriate dress (Berry et al., 2006) .
The customer service element of e-brokerage services provides a key determinant of customer intentions and behavior, and corresponds to humanic clues (Parasuraman et al., 2005) . The collective findings from prior studies point to several important customer service quality characteristics that include service representatives' knowledge, responsiveness, courtesy, and ease of access (Parasuraman et al., 2005) . The process element pertains to functional clues and encompasses ease of use and usefulness, which both drive customer satisfaction and behavioral intention (DeLone and McLean, 2003; Wixom and Todd, 2005) . Important process features include the design, functionality, availability, and reliability of the service process (DeLone and McLean, 2003; Parasuraman et al., 2005) . Finally, product variety influences service performance and resembles mechanic clues (Krishnan et al., 1999) . In the context of e-brokerage services, product variety includes the variety of financial products, research tools, and the amount of leverage the provider offers, such as the interest rate charged for borrowing.
The aggregate, cumulative perception of specific service system interfaces from interacting with the clues lead customers into a cognitive flow experience state, which stimulate further behavioral intention (Carbone and Haeckel, 1994; Ding et al., 2010) . The connection between clues and flow experience has been echoed in earlier studiesexperiences are created when a provider intentionally uses services as the stage, and goods as props, to engage customers in a way that creates a memorable event (Pine and Gilmore, 1998) , or when customers have sensations or knowledge acquisition through their interaction with different elements of a context purposefully designed by a provider (Gupta and Vajie, 1999) .
Flow Experience
Technology, especially the technology in human-computer interaction, is deeply embedded in user experience. According to McCarthy and Wright (2004) , there is a new way of seeing experience with technology -as creative, open, relational, and as participating in felt experience. Despite the widely accepted notion of experience management, experience design originated and has been studied almost exclusively in entertainment and hospitality businesses. Although the "autotelic experience" or flow experience underlies virtually every aspect of the consumer's interaction with firms and their offerings, investigations on how actual flow experience affects customer behavioral intention have been sparse (Csikszentmihalyi, 1991) .
The goal of experience design is to create a compelling experience, which can be measured and analyzed on the basis of flow experience (Csikszentmihalyi, 2000) . Similar to many context-based experiences, flow experience affects customer satisfaction and future behaviors. Csikszentmihalyi (2000) shows that flow experience exists in various service contexts and suggests that an optimum state of flow, or "autotelic experience," occurs when:
 a clear set of goals requires an appropriate response;  feedback is immediate; and  a person's skills are fully involved in overcoming a significant but manageable challenge. Ghani and Deshpande (1994) analyze autotelic experiences and argue that flow depends on a customer's sense of control and the level of challenges associated with using a system or the services it supports.
Past research has examined the cognitive states of flow construct in human-computer interaction and shown that flow can be determined by focused attention, interactivity, sense of control, level of challenges, and skills (Ghani and Deshpande, 1994; Huffman et al., 1996; Novak et al., 2000) . As e-brokerage services exhibit credence characteristics (Ding et al., 2007) , the complex nature of the information exchanges in the service context is best captured with the level of focused attention and interactivity (Brush and Artz, 1999; Lovelock, 2001) . Among all the cognitive states, focused attention refers to a "centering of attention on a limited stimulus field", whereas interactivity refers to the speed and the mapping of the interaction (Novak et al., 2000) . While customers occasionally seek assistance from service representatives, their major interaction for service transaction (e.g. stock trading) is through their primary ebrokerage accounts. Therefore, the manifold service obtained through multiple channels should foster a positive service experience measured by interactivity and focused attention with the ebrokerage account (Ding et al., 2010) .
Behavioral Intention
Compared with traditional brick and mortar business, e-brokerage firms are less likely to achieve long-term profitability due to low entry barriers, low switching cost, and limited differentiation (Chen and Hitt, 2003) . As a result, it becomes critical for e-brokerage firms to understand the determinants of customer retention and consequently manage its retention ability (Pine and Gilmore, 1998) . The construct of behavioral intention derives from the theory of reasoned action (TRA) literature (Fishbein and Ajzen, 1975) , which suggests external variables such as personal values or beliefs about the broader work environment should directly affect beliefs that lead to specific intentions. Positive behavioral intentions are reflected in the service providers' ability to keep its customers to remain loyal, pay price premium, and spread positive word-of-mouth (Zeithaml et al., 1996) . Much of the work in TRA has focused on two key beliefs as the determinant of behavioral intention -perceived usefulness and ease of use (Massey et al., 2007 ), yet limited research examined how technology beliefs affect intention to use technology-based services (Curran et al., 2003; Ding et al., 2007) . In addition, behavioral intention might also relate to customers' interaction and experience with service system interfaces (Krishnan et al., 1999; DeLone and McLean, 2003) . In our research, we measure behavioral intention as the likelihood for e-brokerage consumers to spread positive-word-of-mouth and remain loyal (Zeithaml et al., 1996) .
Hypotheses
We propose a general model describing the interconnections among TR, service system interfaces, flow experience, and behavioral intention with corresponding hypotheses. The first part of the model suggests that TR segments will differ in user evaluation of service system interfaces, experience, and behavioral intention; the second phase of the model suggests that the performance of specific service system interfaces will influence the level of flow experience generated in a particular service setting. The last phase of the model suggests that flow experience will mediate behavioral intention. That is, service system interfaces can both directly and indirectly (through flow experience) influence behavioral intention.
TR vs Service System Interfaces, Flow Experience, and Behavioral Intention
The first set of hypotheses address the relationships between TR typology and service system interfaces/flow experience/behavioral intention. Previous research in TR has found support for connection between TR typology and technology adoption (Taylor et al., 2002) or usability evaluation (Massey et al., 2007) . Past research has not examined how TR typology affects evaluations of specific service system interfaces and customer experience, but the TRA literature supports that personal beliefs about the broader work environment should directly affect further beliefs that lead to specific intentions (Fishbein and Ajzen, 1975) . Therefore, we hypothesize that:
H1a. TR segments differ in evaluations of specific service system interfaces.
H1b. TR segments differ in their flow experiences.
H1c. TR segments differ in their behavioral intentions.
Service System Interfaces and Flow Experience
Experiences are created when a provider intentionally uses services as the stage, and goods as props, to engage customers in a way that creates a memorable event (Pine and Gilmore, 1998) or when customers have sensations or knowledge acquisition through their interaction with different elements of an interface purposefully designed by a provider (Gupta and Vajie, 1999) . Chase and Dasu (2001) indicate that the use of behavioral science is enhancing customer experience. Similarly, Berry et al. (2006) suggest engineering customer experience by managing the clues embedded in customers' experiences with service system interfaces that trigger their emotions. Very little research investigated how specific service system interfaces elicit positive cognitive experience (Ding et al., 2010; Pullman and Gross, 2004) .
We adapt the experience clues concept (Berry et al., 2006) and flow experience construct (Novak et al., 2000) in our research framework and examine the relationships between service system interfaces (service quality, process feature, and product variety) and flow experience (focused attention and interactivity). Prior research indicate that a knowledgeable, courteous, and easy to reach customer representative can reduce customer's anxiety about using e-brokerage service, augment their knowledge base, and therefore help them focus on their investment activities and improve their interaction with the e-brokerage service (Froehle, 2006; Krishnan et al., 1999; Wolfinbarger and Gilly, 2003) . In addition, process characteristics including security, reliability, ease of use, availability, response time, and interface affect not only customer retention but also its effectiveness (Chen and Hitt, 2003; DeLone and McLean, 2003) . For example, an easy-to-navigate and responsive web site can help customers locate target information, enhance their analysis capabilities, and reduce their choice set, which should increase their focused attention and interactions with the e-brokerage service (Ding et al., 2010; Pavlou and Fygenson, 2006) . Finally, e-brokerage providers can attract new customers and retain existing customers by offering a comprehensive array of products, detailed information, and effective analysis tools (Chen and Hitt, 2003) . The variety of product offerings can be further customized to match investors' profiles to enhance focused attention and customer-system interaction (Krishnan et al., 1999; Novak et al., 2000) .
Thus, we posit the following hypothesis to explore the relationships between service system interfaces and customers actual flow experience:
H2. The performance of specific service system interfaces is positively related to customer flow experience.
Service System Interfaces, Flow Experience, and Behavioral Intention
Several empirical researchers have reported significant relationships between flow experiences and service assessments (Csikszentmihalyi, 2000; Novak et al., 2000) or exploratory behaviors (Korzaan, 2003) . Other researchers also found empirical evidence on the relationships between service system interfaces and behavioral intention Parasuraman et al., 2005; Krishnan et al., 1999; Pullman and Gross, 2004) . However, there are limited studies examining flow experience as a mediating variable between service system interfaces and behavioral intention. According to the dual-layer experience model (Ding et al., 2010) , the first layer pertaining to service system interfaces affects the next layer of cognitive state of flow experience, which both determine service outcome and exploratory behaviors (Berry et al., 2006) . Thus, we expect flow experience will mediate the relationship between service system interfaces and behavioral intention:
H3. Cognitive states of flow experience positively mediate the relationships between service system interfaces and behavioral intention.
Research Methodology
We operationalize and measure relevant constructs using a five-point Likert scale (1 = "strongly disagree", 5 = "strongly agree"). To examine the relationship between each investigated variables and behavioral intention, we review important variables affecting customers' web usage, salient measurement scales in previous research, and common metrics frequently used by leading marketing firms. Specifically, we adapt items from Novak et al. (2000) and Korzaan (2003) to measure the flow experience constructs of focused attention and interactivity. We adapt the items for service systems pertaining to service quality from Krishnan et al. (1999) and Froehle (2006) ; process feature from Nelson et al. (2005) ; product variety from Balasubramanian et al. (2003) ; and behavioral intention from Zeithaml et al. (1996) . We also employ key metrics suggested by SMARTMONEY, JDPOWER, and KIPLINGER. We follow Churchill's (1979) recommendations to assess the preliminary instrument in terms of comprehensiveness and clarity. We first examine the instrument's face validity using a panel of 25 seasoned researchers and experienced online investors. We further conduct a pretest with 35 subjects knowledgeable about online investment to validate and fine-tune our instrument. Suggestions pertaining to the wording of particular items and the questionnaire structure were incorporated into the revised instrument.
We also perform a large-scale pilot study with 230 volunteers familiar with e-brokerage services to examine important psychometric properties. Their responses suggest further refinements of the instrument in terms of purification, reliability, convergent and discriminant validity. We validate the instruments by examining the corrected item-to-total correlations and Cronbach's alphas; we also examine the internal consistence and discriminant validity by performing two rounds of exploratory factor analysis (EFA) and remove items that exhibit significant cross-loadings (Harman, 1976) . The final instrument exhibit satisfactory reliability, convergent validity, and discriminant validity.
Sample
We recruit subjects using the database of a US-based marketing research firm that specializes in online surveys. We randomly select samples from the database consisting of registered participants with prior online stock trading experiences. Of the 2,500 potential respondents, less than 10 percent choose not to participate in the study. Thus, gross nonresponse bias is not a factor in our study (Flynn et al., 1990) . After screening for involvement and incomplete responses, our final sample size is 350, leading to a qualified response rate of 14 percent. The characteristics of the sample demonstrate similar sample statistics with prior online behavior studies (Emmanouilides and Hammond, 2000) . We further scrutinize the responses based on survey duration ( − ), response pattern, and primary service providers. The process retains 258 subjects, whose responses are used in the following analysis and model testing.
Descriptive Statistics
All respondents traded online through their primary e-brokerage accounts and had certain type of interaction with service representatives in the year of 2007-2008, with 70 percent making more than six trades. 62 percent of the sample is male, and about 55 percent of the subjects are 40-60 years old. 89 percent of the subjects have at least some college education, and 60 percent report a household income of over $75,000. In addition, 81 percent of the sample report having traded online for more than three years. Among all the subjects, 19.4 percent have their primary online trading accounts with Fidelity, followed by eTrade (15.1 percent), Scottrade (15.1 percent), Charles Schwab (12.4 percent), Ameritrade (12.4 percent), Sharebuilder (8.9 percent), Buy and hold (8 percent), TD Waterhouse (6.2 percent), Merrill Lynch (2.7 percent), Optionsxpress (2.3 percent), Vanguard (1.9 percent), Interactive Broker (1.2 percent). American Express (1.2 percent), Buy and hold (0.8 percent), and Wells Fargo (0.4 percent), and overall, the subjects rate high on optimism (4.11) and innovativeness (3.34) and show less stress in discomfort (2.58) and insecurity (2.74) in online stock trading. In addition, all four dimensions of TR are strongly correlated with each other at < 0.001 (Table I) .
TR-based Segments
The TR segment membership is identified by applying latent class cluster analysis using Latent Goldw software. Among one to five possible class structures, the five-class solution has the lowest BIC (2305.42) and AIC (2927.20) values, and a second lowest CAIC (2130.42) value, respectively. The entropy R 2 (0.78) and R 2 (0.76) also suggest an acceptable fit of the latent class cluster structure to the data. Combining the latent class cluster solution developed in Latent Gold and the differing belief of technology adoption segments developed by Parasuraman and Colby (2001) , we find five distinct segments in our data set: 68 explorers 
Measurement Model Analysis and Testing
We first perform a principal component analysis with direct oblimin rotation and a confirmatory factor analysis (CFA) to evaluate our scales (Gerbing and Anderson, 1988) . We follow the two-step approach suggested by Gerbing and Anderson (1988) for our measurement model construction and eliminate measured variables or latent factors that do not fit well in initial CFA model. We next perform a separate CFA for each construct to assess whether any structural model exhibits an acceptable goodness-of-fit level. As a result, we remove two measurement items for the process feature construct and one measurement item for the product variety construct that do not load properly. We then fit the structural model to the purified measured variables retained from the first step.
In Table III , we display the estimates of item loadings and cross-loadings for the investigated constructs in an unconstrained analysis. To examine the psychometric properties of the measurement model, we analyze the indicators and constructs for reliability, convergent validity, and discriminant validity. Each investigated construct provides a Cronbach's alpha value and composite reliability greater than 0.70, in support of the satisfactory reliability of our scales (Nunnally, 1978; Fornell and Larker, 1981) .
Table II. Segment variable profiles
We assess the convergent validity of our scales at both item and construct levels by examining the item loadings and average variance extracted (AVE) (Fornell and Larker, 1981 ). An individual item loading greater than 0.7 suggests an indicator shares more variance with the construct it measures than with error variances (Gefen et al., 2000) . An AVE greater than 0.50 manifests a construct that shares more variance with its indicators than with error variances Table III . Item loadings (Fornell and Larker, 1981) . As we show in Table III , most items load highly on the constructs they measure with item loadings of 0.7 or greater, except for three indicators. Our measurement items also converge properly on their intended constructs. The items exhibit good convergent validity, as suggested by the AVE greater than 0.50 for each investigated construct.
Finally, we examine discriminant validity by comparing the correlations among constructs and the AVE values (Fornell and Larker, 1981) . In general, the square root of the AVE for a construct should be greater than the correlations between that construct and all other constructs. As shown in Table IV , the square roots of the AVE are greater than any of the corresponding correlations. Hence, our scales exhibit appropriate discriminant validity. We seek additional support for discriminant validity by comparing item loadings and cross-loadings in Table III . All the items load substantially higher on intended construct than on other constructs, thus further suggesting our scales possessed adequate disciminant validity (Fornell, 1992) .
Table IV. Descriptive statistics, reliability, correlations, and discriminant validity Examining Common Method Bias Analysis
Because each respondent answers question items pertaining to both independent and dependent variables, we must assess potential common method bias, though the specificity of the measurement items and our use of adequate anchors for different scales should reduce this bias. We first perform Harmon's single-factor test using EFA to determine if a single factor emerges or a general factor accounts for the majority of the covariance. Our results indicate nine factors, none of which accounts for the majority of the variances. We also employ a technique suggested by Podsakoff et al. (2003) . Our results reveal that when adding a latent variable that represents common method, model fit improved ( 2 difference = 368.34, df = 45, < 0.05) but the variance accounted for by the common method latent variable was only 4.3 percent of the total variance. Together, these results suggest that common method bias is not a serious threat to our analysis (Calson and Perrewe, 1999; Williams et al., 1989) .
Analysis and Results

TR vs Service System Interfaces, Flow Experience, and Behavioral Intention: Testing H1a-H1c
To test the first set of hypotheses that TR segments differ in evaluation of service system interfaces, flow experience, and behavioral intention, we conduct analysis of variance (ANOVA). Table V presents ANOVA analysis results: means, standard deviations, and statistical comparison among the five TR segments and the between-subject comparison of service system interfaces, flow experience, and behavioral intention. The between-subject analysis in Table V shows that TR segments do perceive service system interfaces differently and vary in their focused attention. Overall, the performance of service system interfaces and focused attention deteriorate as we move from pioneers and explorers, to paranoids, and then laggards and skeptics. However, there is no significant difference in terms of interactivity and behavioral intention across TR segments. Thus, we conclude that H1a is supported, H1b is partially supported, and H1c is not supported. To test the hypothesis of H2, we apply partial least square (PLS) method to investigate the proposed relationships among service system interface and flow experience. Based on component construct concept, PLS is ideally suited to the early stage of theory building and testing and especially appropriate when the researcher is primarily concerned with prediction of the dependent variable (Fornell and Bookstein, 1982) . Compared with two-stage least squares, PLS considers all path coefficients simultaneously and allow direct, indirect, and spurious relationships and estimates the individual item weightings in the context of the theoretical model rather than in isolation (Birkinshaw et al., 1995) . Compared with other multivariate analysis such as LISREL program, which is better suited for theory testing, PLS is better suited for explaining complex relationship (Fornell and Bookstein, 1982) . In addition, PLS procedure has been gaining interest and use among business research because of its ability to model latent constructs under conditions of non-normality and small to medium sample sizes (Chin et al., 2003) .
The results of PLS estimation are shown in Figure 1 . The path coefficients obtained from a PLS analysis are standardized regression coefficients, while the loadings of items on individual constructs are factor loadings. PLS has its primary objective of minimizing errors (or the maximization of variance explained) in all endogenous constructs. The degree to which the PLS model accomplishes such an objective can be determined by examining the R 2 values for the dependent (endogenous) constructs. As shown in Figure 1 , majority of the relationships examined are significant. The impact of service system interfaces on flow experience (H2) is statistically significant and positive, with the exception of product offerings, which poses a negative effect on interactivity. The result suggests that an increasing range of product offerings may reduce the degree of customer-system interactions.
The direct causal effect from "process feature" to "behavioral intention" is 0.25. The direct causal effects from "process feature" to "focused attention" and "interactivity" are 0.28 and 0.34, respectively. The direct causal effects from "focused attention" and "interactivity" to
Figure 1. Latent path model for e-brokerage service behavioral intention
"behavioral intention" are 0.15 and 0.04, respectively. Hence, the total influence from "process feature" on "behavioral intention" adds up to 0.31 (0:25 + 0:28 * 0:15 + 0:34 * 0:04). The total effect of "service quality" on "behavioral intention" is 0.23. The total effect of "product variety" on "behavioral intention" is 0.26. The impacts of both service system interfaces and flow experience on behavioral intention are all statistically significant and positive. Although most of the hypotheses are supported in the analysis, the process feature is twice as important as the next closed drivers in driving flow experience of focused attention and interactivity, respectively. Overall, the model explains 45 percent of the variance in behavioral intention, 20 percent of the variance in interactivity, and 18 percent of the variance in focused attention. As shown in Figure 1 , flow experience partially mediates the relationship between service system interfaces and behavioral intention. Thus, we conclude that H2 and H3 are supported.
Discussion
As the economic woes continue, major financial institutions strive to improve their performance by downsizing their brick-and-motor business. During the downsizing process, it is very likely that customers reply more on other alternative channels such as online self-service for their financial needs. Although the advanced technology makes the transition from brick-tomotor to online self-service possible, the technology itself does not guarantee success. Instead, financial institutions alike need to examine customers' attitude towards technology-oriented service and deliberately choose a set of activities to deliver a unique experience to compete with other service providers (Ding et al., 2010) . In this study, we investigate how technology beliefs affect customers' experience and evaluation of specific service system interfaces. Specifically, we propose that the willingness to try out technology-oriented service affects the evaluation of certain service system interfaces and corresponding behavioral intentions.
At a granular level, TR typology provides a foundation for understanding how customers with varying TR evaluate service system interfaces differently. As shown in Table V , skepticsand laggards-rated service quality, process feature, and product variety lower than the other three segments. As we discuss in the previous section, service quality, process feature, and product variety present the set of service system interfaces as humanic, functional, and mechanic clues. With the lowest contributors (optimism and innovativeness) among all five segments, skeptics and laggards tend to be least optimistic about the service components staged on the e-brokerage sites. Consequently, they tend to have less compelling experience and are less likely to be loyal customers than other segments.
In contrast, explorers-and pioneers-rated service quality, process feature, and product variety higher than the other three segments. Compared with other segments, explorers are extremely high in TR, ranking highest on contributors (optimism and innovativeness) and lowest on inhibitors (discomfort and insecurity). They are highly motivated and fearless and are typically at the leading edge of trying out technology-based products or services. Although explorers tend to learn technology on their own, they might be too optimistic when encountering challenges associated with their financial investments through e-brokerage accounts. While pioneers share the contributors (optimism and innovativeness) tendencies of the explorers, they have a certain degree of inhibitors (discomfort and insecurity), which indicates that they desire the benefits of the technology but are well aware of the difficulties and challenges while trying out the technology than explorers. Therefore, pioneers tend to have more compelling experience and are more likely to be loyal customers than explorers.
Lastly, paranoids exhibited moderate levels of contributors (optimism and innovativeness) and inhibitors (discomfort and insecurity) and reacted indifferently to service system interfaces. The results reveal that the contributors or inhibitors alone do not necessarily determine the experience and attitude towards service system interfaces. Instead, it is the combination of both incentives (e.g. contributors) and readiness to challenges (e.g. inhibitors) that further stimulates reasonable expectations and determines customer experience of service system interfaces.
In summary, Table V suggests four instead of five subgroups. The first group of explorers is tech savvy, seeks novel e-services with real value, and therefore is labeled as true innovators. The second group of pioneers seeks novel online technology with excellent service quality and process features but shows limited interests in a broad and complex core offering (e.g., the variety of options for investment). In this connection, we label them as tech seekers. The third group of skeptics and laggards tends to emphasize on core offerings from the service system by placing significant weights on product variety. Both segments seem to be happy with an e-only service channel given sufficient customer support and system features and therefore constitutes smart shoppers. The forth group of paranoids needs little convincing by the technoready-marketer and support from the customer representative so that they will benefit from the service (Parasuraman and Colby, 2001) . Hence, we label them with tech inhibitors.
In this study, we also examine Ding et al. (2010) dual-layer customer experience model in a latent path model. As shown in Figure 1 , the dual-layer customer experience model is supported and both layers positively contribute to behavioral intention. In other words, flow experience mediates the connection between service system interfaces and behavioral intention. We compare the 2 for the construct of behavioral intention with/out the second layer of flow experience -adding the second layer of flow experience in the latent path model increase 2 by 5.6 percent and both focused attention and interactivity affect behavioral intention positively at the significance level of ≤ 0.01.
While we found that customer experience and intention differ across TR clusters, we found that most of the variance in customer experience and intention can be explained via customers' evaluation of service system interfaces. From a service research perspective, our research framework sheds lights on the debate over human issues in service design by moving away from the long-fought battle for the impact of technology (e.g. technology acceptance model, TR scale) toward a finer-grained quest for when some firms can derive more loyal customers from experience design than others (Chase and Dasu, 2001; Cook et al., 2002) . Second, it provides us a unique opportunity to contributing to the service literature: we are among the first to confirm the importance of explicit physical structures (e.g. service, process, and product) in eliciting implicit psychology and emotion of customers (Schmenner and Swink, 1998; Roth and Menor, 2003) . Third, it seeks to advance our understanding of different types of variability introduced by customers (e.g. effort, capability, and subjective preference) during the service production process (Frei, 2006; Ding et al., 2010) .
Conclusion
This study extends current service research by applying a revised service design planning model to examine the relationships among input (e.g. psychographics), service system (e.g. service quality, process feature, and product variety), output (e.g. customer experience), and performance (e.g. behavioral intention) in e-brokerage setting. This study contributes to extant research and practice on service design in several ways. First of all, it is among the first attempts to examine how psychographic features affect customers' experience and valuation of certain service system interfaces from a service design perspective (Goldstein et al., 2002) . Specifically, we apply TR to capture customers' beliefs about technology and investigate how customers with varying technology beliefs evaluate service system interfaces differently. With regards to our hypotheses, our empirical results provide evidence that the TR segments differ in their evaluation of relevant system interfaces pertaining to e-brokerage service.
Our study addresses a tactical decision in service design -how does the design of service system interfaces affects a firm's relationship with its customers. Apparently, all design elements including service quality, process feature, and product variety contribute to behavioral intention. After considering both direct and indirect effects, process feature tends to have the strongest effect on behavioral intention, following by product variety and service quality. A close look of Table V also suggests that different TR segments tend to value service quality most, following by process feature and product variety. This research finding is contradicting with the earlier study by Krishnan et al. (1999) , where product offerings was ranked as the primary driver of customer satisfaction. Yet the contradiction might be explained with the evolving roles of self-service technology and online financial research, which lately have made it easier for customers to access a variety of investment options and research tools (Ding et al., 2007) . Consequently, self-trained online investors incline to focus more on the trading process, with higher expectation for an easily accessible service support and a reliable and 24/7 available process.
Using a strategic lens, e-brokerage providers can customize and fine-tune service system interfaces based on customers' demographics and technology beliefs. The customization process starts with a simple sorting task. For instance, e-brokers can use certain incentives to attract both first-time users and existing customers to complete their profiles with basic demographics and technology beliefs. By integrating certain simple programs on the server, customers will be automatically sorted into pre-determined groups and be exposed to preselected service packages based on their psychographics. The service packages can be customized based on the results shown in Tables V and VI. For instance, true innovators (explorers) are consistently seeking novel ways to manage their e-brokerage accounts. Therefore, they are very likely to use sophisticated analytical and trading tools and manage their accounts and/or place trades through their portable devices. In addition, they might also feel comfortable with virtual customer service such as live chat. E-brokers might consider providing advanced analytical tools or packages to explorers at a discounted rate, allowing them to access mobile trading and mobile trade terminals, and offering customer service through live chat or voice chat. In contrast, Tech Inhibitors (paranoids) are grudgingly accepting technology-enabled services and exhibit a high level of discomfort and insecurity. Consequently, they are unlikely to enjoy the interaction with their e-brokerage accounts. Instead, they might feel more comfortable with the brick-and-mortar environment. To address their needs, e-brokers need to provide a step-by-step assistance, training modular and detailed Q&A guidelines to help reduce their anxiety associated with the trading process. Moreover, ebrokers might also consider offering assistance through multiple channels (e.g., live chat, 1-800 free toll numbers, access to local branch, email, and fax) to Tech Inhibitors. Finally, customer representatives need to be trained to explain technical terms or answer questions in different tones and at varying speeds. In this case, it might be helpful to use scripts to guide the training Table VI . Path coefficients ( ) and 2across five TR segments process. For instance, customer representatives can simply direct true innovators (explorers) to certain web pages or tools for a quick fix of their problems, yet they need to slowdown and offer a step-by-step guidance while assisting tech inhibitors (paranoids).
We further examine the variation of the dual-layer experience model (Ding et al., 2010) across five TR segments and show that customers with different technology beliefs, when encountering the technology-based service, tend to value service system interfaces differently and hence formulate their flow experience in different ways. As suggested by the path coefficients in Figure 1 , the dual-layer construct is well supported with all path coefficients significant at p ≤ 0.01. Yet at individual TR cluster level, the path coefficients are quite robust to the combination of contributors and inhibitors. For instance, while product variety has a negative effect on interactivity for the TR clusters of paranoids and laggards, such an effect turns out to be positive for the other three TR clusters of explorers, pioneers, and skeptics. Therefore, while Figure 1 reveals that the diversity of investment options and research tools tend to reduce the level of interactions and further reduce the level of behavioral intention at an aggregate level, a closer look at Table VI reveals that such a conclusion does not hold for the explorers, pioneers, and skeptics. The findings indicate that service designers need to examine the life cycle of the intended service offerings and customize corresponding service/product features based on customers' technology beliefs and personal characteristics, which can further lead to maximized flow experience and increased intention rate. Finally, the testing results from the PLS model indicate that flow experience emerges as an important factor for achieving sustainable competitive advantages in e-brokerage service -adding the second layer of flow experience in the latent path model helps explain additional 5.6 percent variance in behavioral intention. As online service providers (e.g. WebMD.com, Webkinz.com, and Barbie.com) have been integrating experience design to enhance customer overall experience, e-brokerage service providers can also apply experience management to achieve long-term competitive advantages. Towards this end, this research builds the cornerstone for future research to further apply the dual-layer experience construct in service design planning models in other service contexts.
Limitations
All research has certain limitations and this study is certainly not an exception. First, we choose to study e-brokerage industry, which suffers most in current down-turn economy. Owing to the high-tech and high-credence characteristics, the research findings and relevant hypotheses might not applicable to other services. Therefore, future studies should examine the proposed structural model in other service contexts. In addition, this study used pilot study and exploratory surveys to refine the survey questions, yet it might still have biases and limitations due to the choice of questions and method of data collection. It might be interesting to use field study and focused groups to further examine the hypotheses in a controlled environment.
